Growing evidence suggests that intrinsic functional connectivity (i.e. highly structured patterns of communication between brain regions during wakeful rest) may encode cognitive ability. However, the generalizability of these findings is limited by between-study differences in statistical methodology and cognitive domains evaluated. To address this barrier, we evaluated resting-state neural representations of multiple cognitive domains within a relatively large normative adult sample. Forty-four participants (mean(sd) age = 31(10) years; 18 male and 26 female) completed a resting-state functional MRI scan and neuropsychological assessments spanning motor, visuospatial, language, learning, memory, attention, working memory, and executive function performance. Robust linear regression related cognitive performance to resting-state connectivity among 200 a priori determined functional regions of interest (ROIs). Only higher-order cognitions (such as learning and executive function) demonstrated significant relationships between brain function and behavior. Additionally, all significant relationships were negative -characterized by moderately positive correlations among low performers and weak to moderately negative correlations among high performers. These findings suggest that functional independence among brain regions at rest facilitates cognitive performance. Our interpretation is consistent with graph theoretic analyses which represent the brain as independent functional nodes that undergo dynamic reorganization with task demand. Future work will build upon these findings by evaluating domain-specific variance in restingstate neural representations of cognitive impairment among patient populations.
Introduction
Functional neuroimaging studies of brain organization during wakeful rest have become increasingly popularity over the past decade (Allen et al., 2011; Beckmann, DeLuca, Devlin, & Smith, 2005; Greicius, Krasnow, Reiss, & Menon, 2003; van den Heuvel, Mandl, Kahn, & Hulshoff Pol, 2009; van den Heuvel & Pol, 2010) . These resting-state fMRI (rs-fMRI) studies seek to model patterns of connectivity between brain regions in the absence of overt task, thus capturing the brain's intrinsic functional organization. Brain networks identified at rest have strong correspondence with networks recruited by tasks (Kristo et al., 2014; Smith et al., 2009; Thomason et al., 2011) and exhibit high within-subject replicability (Damoiseaux et al., 2006; Shehzad et al., 2009) . rs-fMRI scans are more easily replicated across sites than task-based fMRI scans and do not require effort from the participant, thus avoiding confounds from individual differences in task performance or behavior. These factors have contributed to rs-fMRI's emerging popularity for studying clinical disorders, notably major depressive disorder (Craddock, Holtzheimer, Hu, & Mayberg, 2009; Greicius et al., 2007; Kerestes, Davey, Stephanou, Whittle, & Harrison, 2014; Sheline, Price, Yan, & Mintun, 2010) and schizophrenia (Amad et al., 2013; Arbabshirani, Kiehl, Pearlson, & Calhoun, 2013; Bassett et al., 2008; Bullmore et al., 2010; Cole, Anticevic, Repovs, & Barch, 2011; Lynall et al., 2010) .
Among healthy participants, rs-fMRI has been used to predict individual differences in traits including age (Allen et al., 2011; Dosenbach et al., 2010; Fair et al., 2007) and personality (Adelstein et al., 2011; Kunisato et al., 2011) . rs-fMRI has also been used to predict individual differences in cognitive ability, including working memory capacity (Alavash, Doebler, Holling, Thiel, & Giessing, 2015; Keller et al., 2015; Magnuson et al., 2015; Reineberg, Andrews-Hanna, Depue, Friedman, & Banich, 2015; Xu et al., 2014) , memory (Wang et al., 2010) , motor learning (Stillman et al., 2013; Wu, Srinivasan, Kaur, & Cramer, 2014) , http://dx.doi.org/10.1016/j.bandc.2016.03.008 0278-2626/Ó 2016 Elsevier Inc. All rights reserved. reading comprehension (Koyama et al., 2011) , and spatial orientation (Arnold, Protzner, Bray, Levy, & Iaria, 2014) . But the methodology varies considerably across these studies, including differences in neuroimaging data acquisition parameters, neuroimaging data preprocessing, statistical approach, participant characteristics, and cognitive modalities evaluated. This variance limits our ability to broadly generalize these findings to the larger population.
To address this limitation, we studied resting-state neural representations of cognition within a single, well-characterized normative sample across multiple cognitive domains. The characterization of a homogenous healthy sample circumvents the methodological variance that is inherent in cross-study comparisons, thus improving the generalizability of our findings. Participants were from the Cognitive Connectome project Kearney-Ramos et al., 2014) , which pairs clinical neuropsychological assessment with both task-and resting-state fMRI to evaluate the neural encoding of cognition among nine domains: motor, visuospatial, attention, language and cognitive fluency, memory, affective processing, decision making, working memory, and executive function. We hypothesized that performance among these cognitive domains would positively regress to resting-state connectivity of brain regions previously associated with each domain. For example, we hypothesize that working memory performance will predict resting-state connectivity of the left prefrontal cortex, whereas motor performance will predict connectivity of the ipsilateral motor cortex.
Materials and methods

Participants
Seventy-nine participants met inclusionary criteria for the Cognitive Connectome project and were enrolled in the study. Of these, 26 (33%) met exclusion criteria (see below) and were excluded from further participation. Of the remaining 53 participants, 44 (83%) completed clinical neuropsychological assessment and at least one of the two resting-state sessions. Demographic information for the resulting sample is provided in Table 1 . All participants were recruited with approval and oversight by the UAMS Institutional Review Board (protocol #130825).
Procedures
All study procedures were conducted in the Brain Imaging Research Center at the University of Arkansas for Medical Sciences. Study participation was typically conducted in two sessions on separate days. Session 1 included study description, obtaining informed consent to participate, a structured clinical interview (SCID-IV/NP) to assess study exclusionary criteria, behavioral surveys and questionnaires (e.g., State-Trait Anxiety Inventory and Big Five Personality Inventory), and the first of two neuroimaging session (with neuroimaging session order counterbalanced across subjects). Session 2 included neuropsychological assessment and the second neuroimaging session. Exclusionary criteria included current psychopathology, current or past neurologic illness, lifetime history of loss of consciousness exceeding 10 min, or ferromagnetic implants.
Neuropsychological assessment
Neuropsychological assessment was performed in a private, quiet room by a graduate student (TKR) with training and oversight by a board-certified clinical neuropsychologist (JKF 
Image acquisition
Imaging data were acquired using a Philips 3T Achieva X-series MRI scanner (Philips Healthcare, Eindhoven, The Netherlands). Anatomic images were acquired with a MPRAGE sequence (matrix = 256 Â 256, 220 sagittal slices of 1 mm thickness, TR/TE/ FA = shortest/shortest/8°, final resolution = 1 Â 0.94 Â 0.94 mm 3 resolution). Functional images for early participants (001-050) were acquired using an 8-channel head coil with an echo planar imaging (EPI) sequence (TR/TE/FA = 2000 ms/30 ms/90°, FOV = 240 Â 240 mm, matrix = 80 Â 80, 37 oblique slices parallel to orbitofrontal cortex to reduce sinus artifact, interleaved ascending slice acquisition, slice thickness = 4 mm, final resolution 3.0 Â 3.0 Â 4.0 mm 3 ). For these subjects, one session's restingstate scan was acquired with 3-mm slice thickness to be consistent with data acquired for other BIRC studies. Functional images for later participants (051+) were acquired using a 32-channel head coil with the following EPI sequence parameters: TR/TE/ FA = 2000 ms/30 ms/90°, FOV = 240 Â 240 mm, matrix = 80 Â 80, 37 oblique slices, ascending sequential slice acquisition, slice thickness = 2.5 mm with 0.5 mm gap, final resolution 3.0 Â 3.0 Â 3.0 mm 3 . Parameters for the 32-channel coil were selected to reduce orbitofrontal signal loss due to sinus artifact. We have previously shown that coil type (8-or 32-channel) did not significantly influence the relationship between brain activity and performance , so did not model coil type as a covariate in these analyses.
Identifying ROIs
Using previously published methods (Craddock, James, Holtzheimer, Hu, & Mayberg, 2012) , we generated a 200 regionof-interest (ROI) atlas via functional parcellation of all fMRI data (task and rest) acquired from the Cognitive Connectome project (James, Hazaroglu, & Bush, 2016) . Functional parcellation is an approach for identifying nodes or clusters of spatially contiguous voxels that represent functionally independent brain regions. Education 3 (7%) did not complete high school/GED 3 (7%) completed high school or GED 16 (36%) partial college/currently enrolled 2 (5%) graduated from 2 year college 6 (14%) graduated from 4 year college 9 (20%) enrolled in graduate/professional 5 (11%) had graduate/professional degree While similar atlases have been developed from resting-state data, we incorporated both task-and resting-state data into this atlas to capture task-induced changes in functional connectivity between voxels, thus increasing the ecological validity of our functional neuroanatomy atlas.
Resting state Scan and Preprocessing
Participants viewed a white fixation cross centered upon a black screen and were instructed to look at the fixation cross to prevent their eyes from wandering. They were also instructed to ''keep your mind from wandering -please relax, look at the cross, and try not to think about anything specific". Each MRI session began with a resting-state scan to avoid carry-over effects of taskinduced activity (Grigg & Grady, 2010) .
All MRI data preprocessing was conducted in AFNI (Cox, 1996) unless otherwise noted. Anatomic data underwent skull stripping, spatial normalization to the icbm452 brain atlas, and segmentation into white matter (WM), gray matter (GM), and cerebrospinal fluid (CSF) with FSL (Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012) . Functional data underwent despiking; slice correction; deobliquing (to 3 Â 3 Â 3 mm 3 voxels); motion correction (using the 10th timepoint); transformation to the spatially normalized anatomic image; regression of motion parameters, mean timecourse of WM voxels, and mean timecourse of CSF voxels; spatial smoothing with a 6-mm FWHM Gaussian kernel; and scaling to percent signal change. Using Matlab (The Mathworks, Inc.), timepoints with brief spikes in head motion were identified via the framewise displacement method (Power, Schlaggar, & Petersen, 2015; Smyser et al., 2010) ; any timepoint for which the sum of these differentials exceeded 0.5 in magnitude was excluded from the timeseries, as these sudden head movements introduce greatest fMRI artifact. Mean activity timecourses were calculated for each ROI by averaging the timeseries of voxels within the ROI. Correlation matrices were generated from these ROIs for each participant and scan, then underwent Fisher's z-transformation to approximate linearity for subsequent regression.
Regression
Prior to regression, outliers (subjects' whose performance was three or more standard deviations outside the group mean) were identified and removed. The number of outliers removed (if any) for each test is described below. A two-stage linear regression approach was implemented in Matlab to relate cognitive performance to resting-state functional connectivity. The first stage used stepwise linear regression to determine if age or education should be included as covariates. The stepwise regression related performance, age, and education to the outcome variable (resting-state correlation between two ROIs), using p < 0.05 as inclusion criteria and p > 0.10 as exclusion criteria. The second stage used robust linear regression to relate performance (and age and/or education, if they survived the first stage) to resting-state correlation between two ROIs. Robust linear regression was selected for its resilience against outliers compared to standard linear regression, affording greater sensitivity for neuroimaging analyses (Wager, Keller, Lacey, & Jonides, 2005) . This resilience against outliers also makes robust regression suitable for studying small sample sizes. Robust regression was conducted using Huber M-estimation with a tuning constant of 1.345, and two metrics were saved for later analysis: model goodness of fit (R 2 , incorporating all predictors) and the significance of regression of performance with resting-state BOLD correlation (t-statistic, controlling for other predictors). This two-stage approach was iterated for all 19,900 unique pairs of resting-state correlations.
The reliability of these findings were assessed via 10-fold crossvalidation. Participants were randomly partitioned into 10 equal subsamples (n = 4-5 participants per subsample). For each subsample, the above procedure (stepwise regression then robust regression) was trained using participants from the other 9 subsamples, then tested by fitting the current test subsample's participants to the resulting regression. Mean squared error (MSE) was calculated from each subject's fit to their respective training set regression, and normalized root mean squared error (NRMSE) was calculated as the square root of MSE divided by the mean of performance variable of interest. NRMSE thus provides a unitless metric for comparing goodness-of-fit across performance measures. All scripts are available upon request.
Thirty-five participants (66%) completed both fMRI sessions and thus had two resting-state fMRI datasets. Only one dataset was used for these participants, as using both would have violated the regressions' assumptions of independence and biased our analyses. We used the each participant's first resting-state scan to be consistent with participants who only completed one session. Three of these 35 participants (9%) had excessive head motion (>3 mm movement) which prohibited use of their first session resting-state scan; given the strong test-retest reliability of resting-state networks (Shehzad et al., 2009) , we chose to use these participants' second session resting-state scan rather than exclude them from analysis.
Visualization
The 200 ROI atlas corresponds to 19,900 unique correlation pairs (''edges"). Multiple comparison correction was conducted using false discovery rate (FDR) criteria q 6 0.05 (Genovese, Lazar, & Nichols, 2002) to identify edges whose resting-state correlation significantly regressed to performance. These patterns of functional connectivity were visualized using BrainNet Viewer (Xia, Wang, & He, 2013) , with scatterplots depicting the relationships of connectivity to performance.
Results
Neuropsychological performance
Descriptive statistics for participants' neuropsychological assessments are provided in Table 2 . Significant outliers were identified for the LaFayette Grooved Pegboard Test (participant #27 for left and right hand), D-KEFS Trail Making Test V (#17 and #27), Boston Naming Test (#32), and D-KEFS Trail Making Test IV (#17 and 54). All outliers performed significantly (P3 standard deviations) worse than the group mean and were removed from subsequent analyses. Additionally, not all participants completed neuropsychological assessments. For example, Digit Span Sequencing had no outliers but only 41 participants because participant #25's Digit Span data was lost due to technical error, #65 was interrupted by a fire alarm during Digit Span Sequencing subtest, and #67 chose to complete assessments in two sessions but withdrew from the study after the first session. Furthermore, two of the three memory tests (BVMT-R Delayed Recall and Verbal Paired Associates II) had pronounced ceiling effects, with 38% and 40% of participants (respectively) achieving the maximum score. These tests thus cannot be meaningfully interpreted within this normative sample and were omitted from resting-state analysis.
Relationships of performance to resting-state functional connectivity
The following instruments had significant regressions of performance to resting-state connectivity (FDR corrected q 6 0.05): working memory (Digit Span Sequencing, Spatial Span Forward), learning (BVMT-R Total Recall, CVLT Total 1-5), and executive function (D-KEFS Color-Word minus Color, D-KEFS Trails IV). Inferential statistics for these brain-behavior relationships are provided in Table 3 , and graphical depictions of these relationships are provided in Figs. 1-3 . To address concerns about the stringency of FDR correction, tables and figures depicting these brain-behavior relationships at an arbitrary threshold |t| P 4 are provided in Supplementary Material for all neuropsychological instruments.
Discussion
Interpretation of findings by cognitive domain
Working memory
A prominent meta-analysis investigated the roles of stimulus domain (verbal, spatial, or objects) and cognitive complexity on neural representations of working memory (Wager & Smith, 2003) . Consistent with other meta-analyses (Owen, McMillan, Laird, & Bullmore, 2005; Smith et al., 2009) , frontoparietal networks were broadly associated with domain-independent working memory function. Working memory tasks with high cognitive demand (requiring continuous update of information, active manipulation of stimuli, or maintaining stimulus presentation order) resulted in recruitment of regions outside the canonical frontoparietal networks including right intraparietal sulcus (IPS) as well as bilateral superior frontal cortices; these IPS and superior frontal meta-analytic clusters reported by Wager & Smith broadly encompass the right occipital region (bordering IPS) and bilateral DMPFC regions which we report as encoding Digit Span performance. Most functional connectivity studies of verbal working memory have focused upon connectivity among task-positive regions within the canonical frontoparietal network (Dima, Jogia, & Frangou, 2014; Honey et al., 2002; Huang et al., 2015; Shen, Zhang, Yao, & Zhao, 2015) . Of studies investigating inter-network or whole-brain connectivity, Magnuson et al. (2015) reported that increased resting-state connectivity between task-positive and default-mode networks corresponded to worse performance (more errors) on the operation span verbal working memory task, and Keller et al. (2015) reported that greater anti-correlation (i.e. more negative correlations at rest) between medial prefrontal and dorsolateral prefrontal cortices corresponded to greater verbal working memory capacity. Our findings are thus largely consistent with existing literature. Our visuospatial working memory findings were less consistent with the literature. Of note, we report significant regressions of performance to brain connectivity only for Spatial Span Forward (a simple visual working memory task) but not Spatial Span Reverse (a more complex visual working memory task). However, the distinction between Spatial Span Forward and Reverse has been previously challenged with evidence that Spatial Span Forward also utilizes working memory (Wilde & Strauss, 2002) . Consistent with this finding, our participants' Spatial Span Reverse performance did not significantly differ from Spatial Span Forward performance (as contrasted to Digit Span, where Sequencing and Backward performances were both significantly worse than Forward performance, both t(40) < À4, both p < 0.001). Wager and Smith (2003) reported a double dissociation for subtypes of visual working memory, with spatial stimuli encoded by bilateral parietal cortex and object stimuli encoded by inferior temporal cortex. This dichotomy has been supported by subsequent functional connectivity studies (Bray, Almas, Arnold, Iaria, & MacQueen, 2015; Santangelo & Macaluso, 2013) . We report seemingly contradictory findings of right fusiform/PHG connectivity encoding spatial working memory. However, recent EEG findings suggest that spatial working memory is subserved by multiple networks with modular recruitment that varies considerably with task demand (Protopapa, Siettos, Evdokimidis, & Smyrnis, 2014) . For example, a visuospatial working memory task paired with a twoalternative forced choice response was characterized by occipitoparietal, parietomotor, and parietofrontal effective connectivity; whereas the same task paired with manual movement of a cursor toward the target location was characterized by frontoparietal effective connectivity. Future work is warranted to relate functional connectivity to performance of these spatial working memory task variants.
Learning
Learning is posited as occurring in three stages, each characterized by distinct neural contributions: the parietal cortex focuses attention toward relevant stimuli, the medial temporal lobe (including hippocampal complex) encodes information as memories, and the ventrolateral prefrontal cortex assists in transitioning memories to long-term memory (Nee & Jonides, 2008 Oztekin, McElree, Staresina, & Davachi, 2009) . Consistent with this theory, we report visual learning (BVMT-R performance) as encoded by connectivity between left ventrolateral prefrontal cortex (VLPFC) and right superior parietal lobule (SPL). Specifically, right SPL has been strongly associated with deficits of visual construction (a subcomponent process of visual learning) among clinical populations (Biesbroek et al., 2014; Hoeft et al., 2007; Melrose, Harwood, Khoo, Mandelkern, & Sultzer, 2013) . SPL is also strongly involved in learning spatial relationships (Sack et al., 2002 ; Wang, Fig. 1 . Relationship of working memory to resting-state brain connectivity. Digit Span Sequencing performance negatively regressed to resting-state functional connectivity of right middle occipital gyrus (bordering superior parietal lobule) to bilateral dorsomedial prefrontal cortex (top). Spatial Span Forward performance negatively regressed to functional connectivity of right fusiform/parahippocampal gyrus with right lateral premotor area (bottom). All depicted relationships survived FDR correction (q 6 0.05). Scatterplots indicate significant robust linear regressions between performance (abscissa) and functional connectivity (ordinate), with data points indicated by subject number (01-79). ROIs are color-coded by region for all figures: light green for prefrontal, yellow for cingulate, red for striatum, magenta for sensorimotor, cyan for temporal, blue for occipital, and dark green for cerebellum. Brain connectivity is depicted with BrainNet Viewer (Xia, Wang, & He, 2013) . Yang, et al., 2015; Zago & Tzourio-Mazoyer, 2002) , another subcomponent process recruited by BVMT-R stimuli.
Verbal learning (CVLT performance) was associated with connectivity between left rostrolateral prefrontal cortex (immediately dorsal to the VLPFC region identified for visual learning) and right frontal eye fields (BA 8). Although frontal eye fields are most commonly associated with procedural learning (Kassubek, Schmidtke, Kimmig, Lucking, & Greenlee, 2001; Rodriguez & Paule, 2009, chap. 12; Schall, Stuphorn, & Brown, 2002) , patients with left-or right-hemisphere superior frontal cortex lesions have poorer CVLT performance than healthy participants or patients with non-frontal lesions (Albuquerque, Loureiro, & Martins, 2008; Alexander, Stuss, & Fansabedian, 2003; Baldo, Delis, Kramer, & Shimamura, 2002) . These performance deficits are putatively attributed to poor cognitive strategy -specifically, the participants' ability to cluster word items into four semantic categories (''animal", ''vehicle", etc.) versus serial recall (Gershberg & Shimamura, 1995; Longenecker et al., 2010) . This finding may thus be specific to CVLT performance and not generalizable to all modalities of verbal learning. For example, resection of the left mesial temporal lobe for treatment of refractory temporal lobe epilepsy is associated with deficits of verbal paired associates learning (Byun & Lee, 2010; Davis, Geller, Rizzuto, & Kahana, 2008; Hori et al., 2007; Meltzer & Constable, 2005; Saling, 2009 ). While we report no significant relationships of resting connectivity to the Verbal Paired Associates task within our sample, existing literature supports involvement of mesial temporal lobe regions.
Executive function
Selective attention (D-KEFS Stroop) was associated with resting connectivity of right superior DLPFC with bilateral anterior insula, as well as connectivity of right posterior SPL with bilateral dorsal anterior cingulate. Midline anterior cingulate, bilateral anterior insula, bilateral DLPFC, and bilateral parietal are canonical regions associated with the Stroop task (Banich et al., 2000; Carter, Minzenberg, West, & Macdonald, 2012; Milham & Banich, 2005) . Functional connectivity studies have related Stroop performance to decreased (less positive) connectivity within the cinguloinsular ''saliency" network, both at rest (Duchek et al., 2013) and during a Stroop fMRI task . Wang, Yang, et al. (2015) also related increased Stroop performance to increased (more positive) connectivity within the frontoparietal ''central executive" network. While our data-driven approach implicated the same regions as these previous studies, we report internetwork (rather than intra-network) connectivity as predicting Stroop performance.
Finally, attentional switching (DKEFS Trails IV) was associated with resting connectivity right VLPFC and left SPL. The Trail Making Test has not been as thoroughly studied as the Stroop task, leading to less consistent neuroimaging findings. Functional neuroimaging studies have implicated bilateral superior parietal (Allen, Owens, Fong, & Richards, 2011; Moll, de Oliveira-Souza, Moll, Bramati, & Andreiuolo, 2002) , while lesion and anatomic studies have implicated bilateral prefrontal cortex (Lee, Wallace, Raznahan, Clasen, & Giedd, 2014; Muir et al., 2015; Pa et al., 2010; Yochim, Baldo, Nelson, & Delis, 2007) . However, a Trail Making Test optimized for the fMRI environment reported neither parietal nor frontal involvement (Jacobson, Blanchard, Connolly, Cannon, & Garavan, 2011) . While our findings have partial support from the taskbased fMRI literature, we nonetheless encourage a cautious interpretation given existing conflict.
Broad interpretation of findings
Resting-state functional connectivity most reliably encodes higher-order cognitions
We report the strongest relationships of cognition to restingstate connectivity for higher-order cognitions of working memory, learning, and executive function -cognitions consistently implicated as requiring integration of multiple brain networks (Minzenberg, Laird, Thelen, Carter, & Glahn, 2009; Wager & Smith, 2003) . Conversely, cognitions which have been strongly associated with specific brain regions or networks (such as motor, visuospatial, and language) showed no significant relationship between performance and resting-state connectivity. We offer two possible interpretations. Our first interpretation derives from these cognitions' strong association with specific brain networks -motor and premotor cortices for motor behavior, dorsal visual stream for visual awareness, and bilateral superior temporal gyri for language (Barch et al., 2013) . These networks have highly stable representations (i.e. strong intra-network connectivity) during both task and rest (Smith et al., 2009 ) and thus may require task-based ''challenges" to induce between-network interactions that subsequently encode individual differences in performance. For example, several studies have related performance on visual attention tasks to task-based connectivity among prefrontal, superior parietal, and dorsal visual networks (Baldassarre et al., 2012; Vossel, Weidner, Driver, Friston, & Fink, 2012; Wen, Yao, Liu, & Ding, 2012) . Thus, our finding that resting-state connectivity most reliably encodes higher-order cognitions is made independently of task-based functional connectivity literature.
Our second (and not mutually exclusive) interpretation is that instruments sampling higher-order cognitions may have greater sensitivity to normative variance than instruments sampling lower-order or domain-specific cognitions. This interpretation likely holds true for some cognitive domains like memory, where two of our three tests (BVMT-R and VPA) showed strong ceiling effects within our sample. However, this interpretation does not hold for cognitions such as motor performance, where three independent measures (Halstead-Reitan Finger tapping, LaFayette Grooved Pegboard, and D-KEFS Trails subtest V) had normally distributed performance yet no relationship to resting-state brain connectivity. While finger tapping speed has been previously associated with resting-state connectivity (Seidler et al., 2015) , these findings were somewhat modest (|t-scores| < 4) given the sample size (n = 191 adults ages 64 and older), suggesting a weak effect size for resting-state representations of motor ability. We thus contend that resting-state connectivity has greater power (i.e. larger effect sizes) for characterizing individual variance in higher-order cognitions such as working memory, learning, and executive function. This hypothesis will be thoroughly explored in future work evaluating more complex cognitive tasks such as the Wisconsin Card Sorting test and D-KEFS Tower test.
Relationships between performance and resting-state connectivity were consistently negative
All significant regressions of performance to resting-state connectivity were characterized by moderately positive correlations (q $ 0.3 to 0.5) among poor performers and weak to moderately negative correlations (q $ À0.2 to À0.4) among high performers.
Each regression involved regions with strong evidence for taskbased recruitment by the corresponding cognition. We interpret these findings as evidence that functional independence at rest broadly facilitates cognitive ability. This interpretation is consistent with recent graph theoretic analyses of functional brain organization, which increasingly represent the brain as modular networks of independent brain regions that undergo dynamic functional reorganization in response to cognitive demand (Crossley et al., 2013; Di, Gohel, Kim, & Biswal, 2013; Meunier, Lambiotte, & Bullmore, 2010) . Our findings build upon this theory by suggesting that regions with moderately positive connectivity at rest may be ''yoked" together and thus less able to dynamically reorganizing under high cognitive demand, whereas regions with weakly negative connectivity are more independent at rest and thus better able to reorganize with cognitive demand.
Caveats and limitations
While these clinical neuropsychology assessments are the gold standard for clinical assessment, several instruments possess rela-tively narrow dynamic range which may make them suboptimal as statistical regressors of resting state connectivity. For example, Digit Span and Spatial Span performance within this normative sample consisted of discrete variables ranging from 5-15 and 5-12, respectively. Regressions using these instruments had poorer normalized root mean squared error (NRMSE) scores (0.029-0.039) than instruments with greater dynamic range such as D-KEFS Stroop (NRMSE scores 0.012-0.014), suggesting that poor dynamic range may limit the instruments' predictive power. Future work will explore if non-standardized but continuous measures of working memory, such as n-back accuracy, serve as better predictors of brain-behavior relationship.
Conclusions
We provide a methodological framework for relating restingstate functional connectivity to performance on clinically validated cognitive assessments. Our most striking finding is that restingstate connectivity was predicted only by higher-order cognitions such as working memory, learning, and executive function. All significant relationships were negative, generally characterized by moderately positive resting connectivity of cognition-related brain regions among low performers and weak negative resting connectivity among high performers. Our use of a single, wellcharacterized sample with consistent methodology for all cognitive domains allows us to directly compare the neural encoding of cognition across domains. Furthermore, our use of clinically validated neuropsychological assessments makes this work readily translatable into clinical populations, which will be the focus of future investigations.
